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ARTICLE INFO ABSTRACT

We estimated weekly summer net community production (NCP) in the Amundsen Sea Polynya for 2010-2011
and 2011-2012 using the self-organizing map analysis technique, which is a type of artificial neural network
useful for discovering underlying structure in datasets. The net community production estimates derived with
four variables (sea surface temperature, mixed layer depth, chlorophyll-a, and photosynthetically available
radiation) robustly reproduced the observed net community production in the Amundsen Sea Polynya. The mean
net community productions were estimated as 0.42 + 0.09 and 0.39 * 0.07 g€ m~2d~"' in 2010-2011 and
2011-2012, respectively. The maximum weekly net community production of 1.29 g€ m~2d ™! in 2011-2012
was greater than in 2010-2011 by 0.32 gC m~2d ™. The net community production in 2010-2011, derived
using the self-organizing map, showed weekly variation similar to the trend of satellite-derived production of the
Eppley-Vertically Generalized Production Model. However, in 2011-2012, it exhibited different temporal var-
iation both in peak timing and in magnitude of the bloom. This implies the existence of complex processes not
readily resolved by the four variables used in our self-organizing map analysis. Therefore, further observations
during different blooming stages are required to improve self-organizing map-derived net community production
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1. Introduction

In the Southern Ocean, primary production occurs predominantly in
the continental shelf region, which is where phytoplankton blooms
occur during austral summer when the sea ice melts and an ample
amount of solar radiation is available at the sea surface. In particular,
the Amundsen Sea Polynya (ASP) is the most productive polynya
among the Antarctic coastal polynyas (Arrigo and van Dijken, 2003)
because of relatively high light availability (Park et al., 2017) or en-
hanced iron supply (Thuréczy et al., 2012). In addition, the Amundsen
Sea, embracing the ASP, is a region highly susceptible to the effects of
current climate change, as evidenced by rapid glacial melting and sea
surface temperature (SST) rise (Depoorter et al., 2013; Rignot et al.,
2014; Stammerjohn et al., 2015).

Net community production (NCP) is the difference between net
primary production (NPP) and heterotrophic respiration in the surface
layer and it is considered a measure of the biological carbon pump
(Alkire et al., 2012; Boss and Behrenfeld, 2010; Laws, 1991; Nicholson
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et al.,, 2012; Plant et al., 2016). Given the high primary production in
coastal polynyas around Antarctica, which accounts for 65% of primary
production on the continental shelves (Arrigo and van Dijken, 2003),
the significance of polynyas as carbon sinks can be disproportionate.
Thus, quantifying the magnitude of summer season NCP and its inter-
annual variation in the Amundsen Sea is essential to understand the
interplay between climate change and the biogeochemical carbon cycle
in the Southern Ocean (Emerson, 2014; Eveleth et al., 2017; Nevison
et al., 2012, 2018). For instance, NCP has been found correlated sig-
nificantly with the Southern Annular Mode and El Nino-Southern Os-
cillation in the Western Antarctic Peninsula region (Li et al., 2016).
Self-organizing map (SOM) analysis is a type of artificial neural
network that has been proven useful in extracting and classifying fea-
tures in geoscience, e.g., the spatiotemporal patterns of wintertime
surface temperature anomalies and climate extremes over Australia
(Gibson et al., 2017; Huang et al., 2017). In oceanography, the SOM
approach has been applied to analysis of various properties of seawater
such as SST (Iskandar, 2010; Liu et al, 2006), chlorophyll
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concentration (Huang et al., 2017a; Silulwane et al., 2001), and pCO5
(Landschiitzer et al., 2013; Laruelle et al., 2017; Xu et al., 2019), and so
on. Because the SOM algorithm does not require a priori description of
the relationship between input and output data, i.e., unsupervised
learning, it enables us to estimate phenomena from parameters whose
relationships are not described adequately by mathematical equations.
Thus, it is particularly useful to expand on the spatiotemporal coverage
of direct measurements or to estimate properties for which satellite
observations are technically limited. Some previous studies have sug-
gested that applying a region-specific algorithm, instead of a single
global algorithm, better reflects the characteristics of the seas and
produces estimates of NCP or pCO, that are more reliable (Hales et al.,
2012; Li and Cassar, 2016).

Previously, several modeling studies have reported NCP estimates in
the Southern Ocean using various techniques such as a carbon-based
NPP model (Westberry et al., 2012), 3-D inverse model (Schlitzer,
2002), and vertically generalized production model (VGPM) NPP and
export model (Nevison et al., 2012). Despite the importance of NCP to
our understanding of the biogeochemical cycle of the ocean, its com-
plex characteristics mean it is neither possible to observe NCP by sa-
tellite nor are there competent numerical models available to predict
NCP reliably. Chang et al. (2014) were first to propose adopting SOM
analysis for the estimation of NCP. They estimated the mean Southern
Ocean NCP as 17.9 mmolC m~2d ™!, with the range of the model-based
estimates between 8.3 and 24 mmolC m~2d~!. Their estimation of
NCP in the Southern Ocean using satellite- (chlorophyll-a (CHL) and
photosynthetically available radiation (PAR)) and model-derived
(mixed layer depth (MLD)) variables demonstrated that the SOM ap-
proach is feasible for overcoming the spatiotemporal limitations of in
situ observations.

During austral summer in 2011 and 2012, we conducted underway
observations of NCP of the Amundsen Sea (Hahm et al., 2014). Our
investigations revealed large spatiotemporal variation of NCP in the
ASP during the cruises; however, the duration of each study period was
less than 2 weeks. Despite the importance of NCP for understanding the
biological carbon cycle of the ocean, the spatiotemporal coverage of our
observations was insufficient to capture and reveal the variation of NCP
in the Amundsen Sea throughout the summer season when the polynya
is open. Thus, we adopted SOM analysis to expand our observed data-
sets and to estimate weekly NCP maps during the summer season.

This study focused on presenting a robust method with which to
estimate NCP in the ASP during summer. Therefore, not only do we
suggest a variable set that optimally delineates the observed variation
of NCP in the ASP, but we also estimate the temporal variation and
spatial distribution of summer season NCP in the ASP.

2. Data and method

The tracks of in situ observations acquired during the cruises of the
ice breaker R/V Araon (Hahm et al., 2014) and the prescribed ASP area
(71°-75°S, 110°-120°W) for the NCP analyses are presented in Fig. 1.
The NCP estimates from the SOM analysis were made for the two
summer seasons: November 2010-March 2011 and November
2011-March 2012. In the SOM analysis, it was assumed that NCP had
nonlinear relationships among the multiple estimators, e.g., such as
photosynthetically available radiation (PAR), chlorophyll-a (CHL), sea
surface temperature (SST), and mixed layer depth (MLD). These are
some of the data available through satellite observations or model ex-
periments, exploited for the prediction of NCP or pCO, values (Chang
et al., 2014; Landschuster et al., 2014; Li and Cassar, 2016).

The SOM analysis used in this study was an adaptation of a previous
approach established for estimates of NCP and pCO, (Chang et al.,
2014; Telszewski et al., 2009; Xu et al., 2019). Briefly, our SOM analysis
comprised three steps: training, labeling, and mapping (Fig. 2). Before
running the SOM analysis, input variables to estimate NCP were pre-
pared in vector form. During the training step, each neuron of the SOM
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Fig. 1. Prescribed ASP area (red square) and cruise tracks of in situ measure-
ments made during austral summer: blue and green lines represent 12/30/
2010-1/8/2011 and 2/9/2012-3/6/2012, respectively. Sea ice concentration
during 1/1/2011-1/8/2011 (week 5) is displayed over the map. (For inter-
pretation of the references to color in this figure legend, the reader is referred to
the Web version of this article.)

was tuned to represent a feature of the distribution of input vectors. The
labeling step labeled NCP values to the neurons based on our in situ
input variables and NCP values (labeling datasets). Finally, the neurons
assigned their representative NCP values to the relevant input vectors,
following which the estimated NCP values in the vectors were gridded
into a map (mapping procedure). We used the MATLAB SOM Toolbox
2.0 (Vesanto, 2002) for the analysis, which has been developed by the
Laboratory of Computer and Information Science at the Helsinki Uni-
versity of Technology (http://www.cis.hut.fi/projects/somtoolbox).

2.1. Training step datasets

The following datasets were used as input variables for the analysis:
MODIS Level-3 satellite images of SST, CHL, and PAR and GLobal
Ocean ReanalYses and Simulations (GLORYS) MLD (Ferry et al., 2010)).
The horizontal resolution of the input variables was set to 0.1° X 0.1°,
and the input variables including in situ observation of NCP were re-
gridded to match this resolution. The temporal variation of NCP was
estimated for 8-day intervals, matching the intervals of the 8-day
composite satellite products (SST, PAR, and CHL). Here, for con-
venience, each 8-day interval is referred to as a ‘week’ and numbered
consecutively from 1 to 26 for 2010-2011 (weeks 1-12) and
2011-2012 (weeks 13-26). Complete information regarding the week
index is given in Table S1.

2.2. Labeling step datasets

We used in situ values of SST, CHL, and NCP (Hahm et al., 2014) and
MODIS and GLORYS products for PAR and MLD information, respec-
tively. The PAR and MLD information was interpolated temporally and
the nearest grid value was selected based on the spatiotemporal in-
formation of the in situ variables. In the SOM analyses, input vectors
with missing elements were excluded, and we took 10-min averages of
the values for the labeling step to minimize possible fitting noise or
outliers.

2.3. Data coverage analysis

The statistics and range of the values of each variable are presented
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Fig. 2. Diagrams illustrating the SOM analysis procedure for a 2-D input vector case [a, b]: two input variables. Small dots are input vectors containing two elements
(input variables) and the yellow dots are the SOM neurons (a). The training procedure extracts characteristics of the input variables and trains the neurons (b). During
the labeling procedure, the property to be estimated (denoted as ‘x’) is labeled to the neurons from the labeling dataset (c). The mapping procedure assigns the
labeled properties to the input vectors (d). (For interpretation of the references to color in this figure legend, the reader is referred to the Web version of this article.)

Table 1
Statistics of labeling and training datasets showing the distribution and cov-
erage of each variable.

SST CHL MLD PAR

Labeling Max 0.4 12.6 36.1 61.5

min -1.8 0.8 12.2 4.6

mean -1.1 4.9 20.3 28.0

Skewness 0.7 (0.3)° 0.6 (—0.5) 0.3(0.2) 0.0 (-1.1)
Training Max 2.2 36.6 186.4 65.6

Min -1.9 0.1 9.4 1.6

Mean -0.6 2.4 23.8 36.9

Skewness 0.7 (0.2) 3.3(0.1) 3.3(1.5) 0.1 (-0.9)

N coveragel’ 83.6 63.1 (97.3) 69.3 97.3 (97.0)

(%) (98.1)° (95.6)

The unit of each variable is °C (SST), mg m~3 (CHL), m (MLD), and Einstein
m~?d”" (PAR).

2 The skewness of the common logarithm of each variable is shown in par-
entheses.

> ([number of training data within the labeling data range]/[total number of
training data]) x 100.

¢ The percent labeling data coverage of normalized variables is shown in
parentheses.

in Table 1. It is noted that our in situ datasets with NCP values for
labeling do not cover the extremely high values of CHL and MLD used
for training. This means NCP under extreme input variables might not
be estimated optimally by the SOM analysis. NCP estimates that are
more realistic could be expected from the SOM analysis when the dis-
tribution and variation range of the labeling variables reflect those of
the training dataset more closely (Nakaoka et al., 2013). The CHL and
MLD values displayed significant positive skewness. To make both the
training and the labeling datasets close to a normal distribution, the
common logarithm of the CHL and MLD values was used in the ana-
lyses. The data coverage of the training dataset of CHL and MLD by the
labeling datasets was 63% and 69%, respectively, which might reflect
insufficient spatiotemporal coverage and/or bias between the labeling
and training datasets. Thus, this implies that the use of an adequate
number of in situ observations in the SOM analysis would reproduce
NCP estimates that are more realistic. However, before running the
SOM analysis, we normalized the variables because this is a tenable
method with which to resolve data coverage issues by significantly
increasing the data coverage. Table 1 shows that the data coverage was
evidently improved after normalization for all four variables. Also,
another benefit of normalizing the input variables was that it enabled us
to overcome the weighting issue. The weighting issue can produce
biased SOM results because of the different magnitudes among the
variables (Ultsch and Roske, 2002).
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3. Optimization of input variable set

In order to estimate NCP in the ASP, we determined an optimum set
of input variables through a bootstrapping analysis of different input
variable sets. During this procedure (optimization), we tested the re-
producibility of the SOM-derived NCP from the different sets of input
variables, and we identified one set of input variables whose SOM-de-
rived NCP was closest to the measured NCP. Four different sets of input
variables were tested: SCP - [SST, CHL, PAR], CMP - [CHL, MLD, PAR],
SCM - [SST, CHL, MLD], and SCMP - [SST, CHL, MLD, PAR]. SCP
comprised the variables used to estimate primary production in the
VGPM (Behrenfeld and Falkowski, 1997), and CMP comprised the
variables suggested by Chang et al. (2014) to estimate NCP in the
Southern Ocean. Additionally, as previous work has found that NCP has
strong negative correlation with MLD (Csaar et al. (2011); Hahm et al.,
2014), SCM and SCMP were also added to the test input variable sets.

The bootstrapping analysis was performed using NCP and input
variables of the 2011 and 2012 observation periods. In situ measure-
ments were used for NCP, SST, and CHL and MODIS satellite and
GLORYS reanalysis results were applied for PAR and MLD, respectively.
For each set of input variables, we selected at random 80% of the in situ
measurements for training, and their corresponding observational NCP
values were reserved to validate the SOM-derived NCP. The trained
SOM was labeled using the measured NCP of the remaining 20% of in
situ measurements. Then, the credibility of the SOM-derived NCP values
was checked by comparison with the reserved NCP values. To de-
termine the optimum input variable set, the bootstrapping analysis was
iterated 30 times for each set. The outcome from the four sets of input
variables is presented in Fig. 3.

The equality of in situ NCP (validation set) and SOM-derived NCP
from the bootstrapping SOM runs was assessed by comparing the slopes
and correlation coefficients between the two. While Chang et al. (2014)
suggested that CMP is an optimum set of input variables with which to
derive NCP in the Southern Ocean, we found that SCMP was the best
estimator for the NCP values in the ASP. The slope and correlation
coefficient between the SCMP-fed SOM-derived NCP values and those of
the validation set was 0.86 + 0.03 and 0.83 = 0.02, respectively (Fig.
S1). This implies that the best NCP estimates could be achieved when
an input variable set is optimized for the physical and biogeochemical
characteristics of the research area.

We also performed bootstrapping tests with different numbers of
neurons (SOM size) to find the optimum number for the SOM analysis.
The setup of the SOM analysis was the same as used for the input
variable optimization but with the optimum set of input variables
(SCMP). The four different numbers of neurons tested were 576 (de-
termined using the heuristic formula, SOM size = 5 X [number of
training data]'’%; Mari et al., 2010), 2048, 4096, and 8192. Excluding
the 576 neuron case, which substantially underestimated
(slope = 0.55) NCP during the bloom period (week index 5), the other
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Fig. 3. Contoured 1-to-1 plots between observed and SOM-derived NCP from the four different variable sets. Each contoured plot is created using the mean
appearance number of 30 bootstrapping analyses in bins of size 10 mmol O, m ™ day ~'. Gray dotted line is the 1-to-1 line and the red solid line is the regression line.
(For interpretation of the references to color in this figure legend, the reader is referred to the Web version of this article.)

cases showed similar slope (=1) and correlation (=0.5) (Table S2). We
selected the case of 4096 neurons for further analyses because it pro-
vided a reasonable balance between the validity of the prediction and
the speed of the run.

4. Spatiotemporal variation of NCP in the Amundsen Sea Polynya

The SOM-derived NCP estimates are presented in Fig. 4 and Fig. S2.
The SOM analysis utilized 8-day composite satellite and model input
variables (Fig. 5 and Figs. S3-S6). In Fig. 4, the estimated NCP dis-
tribution in weeks 5 and 24 is compared with the observed NCP dis-
tribution. It is noted that there is a small temporal mismatch between
the SOM-derived and the observed NCP. While the SOM-derived NCP
values were calculated from the weekly composites of input variables,
the in situ NCP was measured along the cruise track during the corre-
sponding weeks. Despite this, the SOM-derived NCP estimates generally
reproduce the in situ observations reasonably well. During week 5, NCP
was enhanced in the western ASP and low NCP was found in the eastern
ASP (Fig. 4(a) and (c)). In week 24, NCP was significantly lower than in
week 5 throughout the polynya (Fig. 4(b) and (d)).

Assuming that the NCP/NPP ratio is ~0.5 (Hahm et al., 2014; Lee
et al., 2012), the ‘enhancement’ of NCP is defined as NCP higher than
0.2 gCm~2d ! because Arrigo et al. (2012) defined the threshold of a
bloom period as 0.4 g€ m~2d ™! of NPP. During austral summer in the
ASP, the weekly estimated NCP distribution illustrated that NCP was
enhanced with mean NCP greater than 25 mmol O, m~2d ™! (~0.2 gC
m~2d 1) during week 4-8 (December 19, 2010-February 1, 2011; 45
days) and week 16-22 (December 11, 2012-February 1, 2011; 53 days)
(Fig. S2). During the two summer seasons, NCP enhancement occurred

24

during the same period, i.e., week 3 (0.21 = 0.01 gC m~2d™1) and
week 16 (0.65 + 0.07 gC m~2d~1) that correspond to December
11-18 of 2010 and 2011, respectively. This is comparable with Arrigo
et al. (2012), who found uniform timing of the phytoplankton bloom in
the ASP over a 13-year period. Additionally, once NCP enhancement
began, it was found to appear promptly throughout the polynya, while
subsidence tended to start from the margin.

The time series of weekly mean NCP estimates and SOM input
variables in the ASP are presented in Fig. 6 and Table S3. The average
NCP during the summer was 0.42 * 0.09 g€ m~2d "' in 2010-2011
(weeks 1-12) and 0.39 + 0.07 gC m~2d~! in 2011-2012 (weeks
13-26). While the mean NCP values were similar, the NCP peak oc-
curred 3 weeks earlier in 2011-2012 and its magnitude was 0.32 gC
m~2d ™! greater than in 2010-2011.

Overall, the time series of input variables also showed similar pat-
tern and magnitude between the two years. In detail, the SST peak
appeared approximately 2 weeks earlier in 2011-2012 than in
2010-2011. The CHL peak appeared approximately 1 week later in
2011-2012 than in 2010-2011, but the enhanced level of CHL was
sustained longer, i.e., until mid-February. In both summers, the MLD
shoaled rapidly during early December, which coincided with the be-
ginning of the CHL bloom. The MLD remained shallow until the end of
both summers. The temporal variation in PAR was similar in both years,
although there were two dips in the 2011-2012 summer (i.e., weeks 17
and 19).

In the ASP, phytoplankton numbers start to increase as the extent of
the sea ice rapidly decreases and the polynya begins to open in late
November. Between early and mid-January, the bloom reaches its peak
and then starts to subside because of nutrient limitation and
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Fig. 4. (a) and (b) show the observed NCP in the Amundsen Sea Polynya and (c) and (d) show the SOM NCP estimates during the corresponding periods of weeks 5

and 24.

zooplankton grazing. At the end of February, the bloom ceases because
of the reduction of solar radiation. In the ASP, this pattern of bloom
have been taking place uniformly (Arrigo et al., 2012). As multiple
environmental parameters control the phytoplankton bloom in the ASP,
despite the similar blooming pattern of the two summers investigated in
this study, interannual variation of the environmental parameters could
have affected the difference in the timing of the peak between the two
summers.

Robust correlation between MODIS SST and SOM-derived NCP was
found throughout the summer in this study, consistent with previous in
situ observations in the Pine Island Polynya (Tortell et al., 2012) and the
ASP (Hahm et al., 2014). The variation of weekly mean NCP resembled
that of SST, i.e., their peaks appeared 1-2 weeks earlier and they were
higher in 2011-2012 in comparison with 2010-2011. The strong po-
sitive linear relationship (r = 0.94) found between weekly mean NCP
and SST was more significant than that of the other input variables (Fig.
S7). For instance, in the first week of January in both 2011 and 2012
(weeks 5 and 19), although the high NCP in week 19 was accompanied
by high SST, the CHL, MLD, and PAR were similar or lower than in
week 5. The correlation coefficients (r) between NCP and the other
input variables were found moderate: 0.58, —0.69, and 0.56 for CHL,
MLD, and PAR, respectively. Sometimes, it appeared input variables
other than SST were more relevant to NCP variation, i.e., the NCP drop
in week 17 was most likely affected by the sudden decrease in PAR.

The mean observed NCP in January 2011 was 1.02 * 0.68 gC
m~2d~! (Hahm et al., 2014). The observation period was mostly
covered by week 5. SOM-derived mean NCP in the week, 0.74 + 0.14
gC m~2 d™', was approximately 30% lower than the observational
mean value. However, considering the large spatial variation, as in-
dicated by the standard deviation, the difference between the SOM-
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derived mean NCP and that of the in situ observations is marginal. The
SOM-derived NCP was slightly less than observed in February 2012,
i.e., the observed NCP was 0.20 + 0.12 gC m~2d ™", while the mean
SOM-derived NCP for the corresponding week (week 24) was
0.11 + 0.01 gCm~2d ™. Thus, it also lay within the standard devia-
tion of the observations. Furthermore, Lee et al. (2012) measured pri-
mary production in the ASP (2.2 * 1.4 gC m~2d™ 1) during a period
similar to week 5. Multiplied by f-ratios in the range 0.43-0.60 (Hahm
et al., 2014), the primary production yielded NCP values in the range
0.95-1.32 gC m~2d~!. The SOM-derived NCP in week 5 (0.74 gC
m~2d~ 1) is 22% below the lower limit of estimated NCP (0.95 gC
m~2d™ 1) calculated from NPP of Lee et al. (2012).

Previous studies have suggested significant spatiotemporal varia-
bility in biological processes. For example, estimates of daily mean
primary production in the ASP have shown significant subweekly-scale
variation (Arrigo et al., 2012). The chlorophyll-a observations using
autonomous underwater gliders have also revealed an evident hetero-
geneous spatial distribution in the ASP (Schofield et al., 2015). Fur-
thermore, the supply of iron from melting sea ice and glacial meltwater
can control phytoplankton blooms in Antarctic shelf waters (Gerringa
et al., 2012; Sedwick and DiTullio, 1997) and thus influence the tem-
poral variation of NCP (Hahm et al., 2014). Given the circumstances, it
is likely that there is significant temporal variability in NCP.

The temporal variability of SOM-derived NCP was compared with
NCP values deduced using the Eppley-VGPM (Behrenfeld and Falkowski,
1997; Carr et al., 2006) (Fig. 7 and Table S3). The basis of the Eppley-
VGPM is the standard VGPM, which calculates primary production from
SST, CHL, and PAR information. However, instead of using a poly-
nomial description of optimal assimilation efficiency (Phy), it uses the
exponential relationship described by Morel (1991), which is based on
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Fig. 6. Time series of weekly ASP mean SOM-derived NCP and input variables for SOM. Green lines represent summer 2010-2011 (weeks 1-12) and orange lines
represent summer 2011-2012 (weeks 13-26). The x-axis error bars show the 8-day periods of each ‘week,” but for week 18, it is just a 5-d period. The y-axis error bars
represent 1-0 of each variable. (For interpretation of the references to color in this figure legend, the reader is referred to the Web version of this article.)
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the curvature of the temperature-dependent growth function described
by Eppley (1972). The Eppley-VGPM-derived NCP is calculated by
multiplying primary production by constant f-ratios throughout the
summer season. It should be noted that the validity of the Eppley-VGPM
in the ASP or of the adoption of temporally invariant f-ratios is un-
certain and it should be explored in future study.

The shaded areas in Fig. 7 indicate weekly ASP mean NCP estimates
derived from the Eppley-VGPM for 2010-2011 and 2011-2012. The
upper and lower boundary of each area is calculated by applying two
fixed f-ratios: 0.43 and 0.6 (Hahm et al., 2014). Hahm et al. (2014)
derived the lower and upper limits based on an empirical equation that
predicts the f-ratios using SST and CHL as variables (Dunne et al., 2005)
and in situ observations (Lee et al., 2012), respectively. During summer
2010-2011, the Eppley-VGPM-derived NCP and SOM-derived NCP were
in accord until mid-January. However, the Eppley-VGPM-derived NCP
dropped quickly after reaching a maximum at week 6, while the SOM-
derived NCP remained high for a further 2 weeks before it subsided
rapidly. In the following summer, the two estimates were too complex
for reasonable comparison. The SOM-derived NCP showed a peak from
late December to early January, whereas the Eppley-VGPM-derived NCP
showed only a weak NCP peak in mid-February and attenuated NCP
enhancement throughout the entire summer. Previous studies (Cassar
et al., 2011; Hahm et al., 2014; Huang et al., 2012) and this study (Fig.
S7) have found that MLD has a clear role in explaining NCP, i.e., a
shallower MLD results in higher NCP. However, MLD information is not
parameterized in the Eppley-VGPM, which implies that MLD played a
more important role in calculating the NCP estimates in summer
2011-2012 than in 2010-2011.

5. Concluding remarks

The ASP is the most productive of the Antarctic coastal polynyas
(Arrigo and van Dijken, 2003). However, there have been few in-
vestigations either of the underlying processes controlling phyto-
plankton blooms or of the efficiency of the biological pump in the ASP
because of limited accessibility. To overcome the spatiotemporal lim-
itation of in situ observations, we implemented SOM analysis, which is a
type of artificial neural network method, using input variables acquired
from satellite observations and modeling results.

Among the various input variables, the set of SST, CHL, MLD, and
PAR was found to reproduce the observed ASP NCP appropriately in the
SOM analysis. Based on our analysis, we presented, for the first time,
the weekly spatiotemporal variation of NCP in the ASP during austral
summer. The SOM-derived mean NCP was 0.42 = 0.09 and
0.39 + 0.07 gCm ™~ >d ! for 2010-2011 and 2011-2012, respectively.
In the ASP, SST showed a predominant role for controlling NCP
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(r = 0.94), and MLD showed the next strongest correlation with NCP
(r = —0.69). Notwithstanding the large spatiotemporal variability of
ASP NCP, comparisons between the SOM-derived NCP and the ob-
servational NCP showed at least approximately 20% underestimation of
SOM-derived NCP. Hence, this implies a necessity of additional ASP
NCP observation in a broader space and over longer time periods for a
more reliable SOM based NCP estimate and its validation.

Comparison between the SOM-derived and Eppley-VGPM-derived
NCP revealed a similar trend in 2010-2011 but significant discrepancy
in 2011-2012. This elucidated the importance of MLD in understanding
the biogeochemical cycle in polynyas (Arrigo et al., 2015), and implied
the need for further effort to obtain a more realistic representation of
modeled MLD. Additionally, Arrigo et al. (2015) suggested the basal
melting rate of ice shelves cold be a key parameter in interpreting the
high productivity of Antarctic coastal polynyas. Thus, incorporation of
additional promising input variables in the current SOM method could
improve the reproducibility of NCP estimates and enable us to under-
stand the variation of polynya NCP more comprehensively.
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